Pseudo-relevance feedback (PRF) is known as a technique for updating query language models. In this paper we propose a new technique for PRF, based on an embedded coefficient matrix, whose aim is to improve the vector representation of the query by transforming it to a more reliable space, and then update the query language model. The proposed embedded coefficient divergence minimization model (ECDMM) takes the top-ranked documents retrieved by the query and obtains a couple of positive and negative samples; these samples are used for learning the coefficient matrix which will be used for updating the query language model. Experimental results on several TREC and CLEF data sets demonstrate effectiveness of ECDMM compared to state-of-the-art PRF techniques in language modeling framework.
Introduction
Top-ranked documents in response to the query of a user in the Web have long been considered as a useful collection for updating the query, resulting in retrieving more relevant documents (Lv and Zhai, 2014; Lavrenko and Croft, 2001; Zhai and Lafferty, 2001; Rocchio, 1971) . Maximum entropy divergence minimization model (MEDMM) and the Rochio algorithm are among powerful methods for language modeling and vector-space model respectively. The main idea of these methods is to find a model more closer to the top-ranked documents and far away from a noisy collection (Lv and Zhai, 2014) . In this paper, we propose a pseudorelevance feedback technique for language modeling, the state-of-the-art retrieval framework, whose aim is to find a better direction for the vector representation of the query by learning an embedded coefficient matrix on a set of positive and negative samples and then rotate the vector of the query to a more relevant sub-space. Finally, the obtained query vector is used to expand the original query with a number of related words. Experimental results on several non-industrial data sets from TREC and CLEF in English, French, Spanish, German, and Persian demonstrate the effectiveness of the proposed method.
Previous Works

Pseudo-relevance Feedback
Top-ranked documents F = {d 1 , d 2 , .., d |F | } in response to a query q have long been used as helpful resources for expanding the query (Lavrenko and Croft, 2001; Lv and Zhai, 2014) . Lavrenko et al., introduced relevance models for updating the query. The RM1 method models the query as p
. The obtained relevance models can be interpolated with the original query as follows:
where p ml (w|q) is the maximum likelihood estimation of the original query. The interpolated model for RM1 and RM2 are known as RM3 and RM4 respectively (Jaleel et al., 2004 
) is used for estimating the feedback model in M-step (i.e., (Zhai and Lafferty, 2001) . MEDMM, introduced by Lv and Zhai, is another powerful feedback model that aims at minimizing a linear combination of a number of entropy components as follows:
where H(θ 1 , θ 2 ) is the cross-entropy between θ 1 and θ 2 and H(θ) is the entropy of θ.
Low-dimensional Word Vectors
Low-dimensional representations of words are tailored in a variety of tasks in natural language processing (Collobert et al., 2011) .
To learn these vectors a common approach is to predict the context of each word and then aim at minimizing a loss function. The method is known as skip-gram negative sampling and can be interpreted as a binary regression task with
and v c ∈ R n×1 are the vectors of a word and its context respectively. z indicates if this sample (w, c) is a vallid sample (z = 1) or not (z = 0) (Goldberg and Levy, 2014).
Embedded Coefficients for Query Projection
In this section we propose embedded coefficient divergence minimization model (ECDMM) for updating the query language model. To this end, we aim at finding a coefficient matrix W ∈ R n×n for projecting the query model v q to a more relevant space by minimizing f as follows:
where v q ∈ R n×1 is the query vector, v wn ∈ R n×1 is the vector of a relevant sample from F , and vw n ∈ R n×1 is the vector of a non-relevant sample from F . The query vector is built from averaging the vectors of query words (i.e.,
Equation 3 has similar components to MEDMM (Lv and Zhai, 2014) . The first part captures the same essence as the cross-entropy between the feedback model θ F and the positive sample model θ w in MEDMM. It tries to minimize the distance between the query model and the positive sample model. The second part also captures the effect of the negative samples on θ F . It tries to maximize the distance between the query model and the negative sample model. And, W T W acts as a regularization term for W in the model. Positive samples are drawn from w ∼
where θ F and θ C are unigram feedback distribution and unigram collection distribution respectively. λ is set near to 0.9 empirically for penalizing common words in C (Zhai and Lafferty, 2001) ; negative samples are drawn fromw ∼ p(w|θ C ) 3 4 (Goldberg and Levy, 2014). To find the optimum value of W we use the stochastic gradient descent algorithm as follows (i.e., ∂f ∂W = 0):
Building Embedded Query Model
After learning W we project the query vector v q to the new space (i.e., W T v q ). The obtained vector represents a better direction of the query semantically and therefore, we aim at defining a feedback model based on similarity of the projected query with the words from the feedback documents: Dadashkarimi et al., 2014; Rahimi et al., 2016) . Stopwords are removed in all the experiments 1 .The Lemur toolkit 2 is employed as the re- where c(w, q) is the count of term w in the query; (2) RM3, (3) RM4, and (4) the MEDMM model explained in Section 2.1. α in Equation 1 is set to the default value 0.5 and number of blind relevant documents is assumed |F |=15. All free parameters α, λ, β, n + , and n − are fixed for all experiments after learning on a small sub-set of topics from the AP collection. Empirically we fixed the parameters to α = 0.8, λ = 0.05, β = 0.01, n + = 40, and n − = 100 in all the experiments. W in Equation 4 is initialized with random values in [−1, 1]; η is set to a small value which also decreases after each iteration. The iterations terminate when the changes are very small or the number of iterations meets 1000. v wn and vw n are computed with negative sampling skip-gram introduced in (Mikolov et al., 2013) ; size of the window, number of negative samples, and size of the vectors are set to typical values of 10, 45, and 100 respectively.
Performance Comparison and Discussion
All the experimental results are provided in Table 2 . As shown in the table, the proposed ECDMM outperforms all the baselines in terms of MAP, P@5, P@10 in quite all the collections. The results show 21.9%, 3.8%, 25.3%, 10.0%, 2.8%, 9.3% improvements in AP, ROB356, DE, FA, FR, and SP respectively in terms of MAP compared to MLE. As dis- Table 3 shows top-10 stemmed expansion terms and the weights corresponding to obtained query model by the methods. It is more clear that MIX-TURE and ECDMM purify the feedback model from common words more successfully. On the other hand, MEDMM and ECDMM captures the original query more than other methods; this is the reason that both the models do not strongly dependant on the interpolation with original query (see (Lv and Zhai, 2014) and Figure 1 where 0.7 ≤ α ≤ 0.8 works well in all the collections). Generally speaking, the proposed ECDMM weights semantically related words more than others.
Parameter Sensitivity
In this section we investigate the sensitivity of the proposed method to the number of positive and neg-ative samples. To this aim, one parameter is fixed to its optimum value and then try to get optimum value of the other one. As shown in Figure 1 both parameters n + and n − work stable in all the collections.
Conclusion and Future Works
In this paper, we presented a PRF model using lowdimensional query projection. We used a set of positive and negative samples from the top-ranked documents, retrieved by the query, to learn an embedded coefficient matrix. The query vector, which got transformed by the coefficient matrix, is then used to expand the original query. We showed that the proposed model is robust regarding the parameters. Our model, in terms of MAP, has significant improvements up to 3.8% compared to the other state-of-theart models.
For our future work, we want to study the usage of low-dimensional representations in recommendation systems by applying a similar method on the users' profiles. We will also test our models with industrial data sets.
